Protein co-evolution under structural and functional constraints necessitates the preservation of important interactions. Identifying functionally important regions poses many obstacles in protein engineering efforts. In this paper, we present a bioinformatics-inspired approach (residue correlation analysis, RCA) for predicting functionally important domains from protein family sequence data. RCA is comprised of two major steps: (i) identifying pairs of residue positions that mutate in a coordinated manner, and (ii) using these results to identify protein regions that interact with an uncommonly high number of other residues. We hypothesize that strongly correlated pairs result not only from contacting pairs, but also from residues that participate in conformational changes involved during catalysis or important interactions necessary for retaining functionality. The results show that highly mobile loops that assist in ligand association/dissociation tend to exhibit high correlation. RCA results exhibit good agreement with the ®ndings of experimental and molecular dynamics studies for the three protein families that are analyzed: (i) DHFR (dihydrofolate reductase), (ii) cyclophilin, and (iii) formyl-transferase. Speci®cally, the speci®city (percentage of correct predictions) in all three cases is substantially higher than those obtained by entropic measures or contacting residue pairs. In addition, we use our approach in a predictive fashion to identify important regions of a transmembrane amino acid transporter protein for which there is limited structural and functional information available. Keywords: bioinformatics/directed evolution/functional domain/protein engineering/residue correlation analysis
Background and motivation
The contribution of different protein regions to function is determined by the interactions formed with substrates, cofactors and other residues. Considerable effort has been devoted to identifying functional protein regions from known amino acid sequences (Aloy et al., 2001; Armon et al., 2001; Voigt et al., 2002) . When families of sequences with similar structure and function are aligned, it is possible to glean conserved patterns that encapsulate important functional domains (Zvelebil et al., 1987) . However, in many cases residues are not conserved but rather co-evolve with their interacting partners to retain important interactions and hence function. Through evolution, many families have diverged substantially, so that it is typically dif®cult to observe directly any distinct patterns. The inability to identify these functionally important regions (especially those which co-evolve and hence vary in a coordinated manner) poses a long-standing challenge in protein engineering efforts, particularly in the context of directed evolution experiments.
Directed evolution experiments aim at creating diverse sequences with novel properties (e.g. enhanced catalytic activity, stereoselectivity, thermostability) in the form of combinatorial libraries generated by: (i) creating sequence permutations of parent sequences through recombination (Stemmer, 1994a,b; Zhao and Arnold, 1997; Zhao et al., 1998; Ostermeier et al., 1999) ; and/or (ii) introducing point mutations at either speci®c positions (Martin et al., 2001) or randomly (Sakamoto et al., 2001 ). Moore and co-workers proposed modeling frameworks (Moore and Maranas, 2000; Moore et al., 2001) for quantifying the statistics of crossover allocations and mutations in the recombinant sequences. The key problem here is that usually such sequence modi®cations are not coordinated and, therefore, disrupt functional domains or introduce incompatible interactions (see Figure 1 ) that frequently results in the loss of their function (Moore and Maranas, 2003) . It is therefore desirable to be able to predict these functional sites that are less likely to tolerate uncompensated mutation/crossover, so as to guide these combinatorial libraries towards retaining a higher level of functionality. This objective de®nes the scope of this study.
Multiple sequence alignment (MSA) and entropy calculations provide some insight into identifying protein building blocks preserved through evolution. However, there are currently no reliable techniques for identifying regions that may subtly affect functionality by taking part in large numbers of interactions that co-evolve under functional or structural constraints. There have been a few studies towards developing methods to identify these functional sites. Studies conducted by Voigt and co-workers (Voigt et al., 2001 (Voigt et al., , 2002 propose that contact between residue pairs can be considered to represent interaction between them. Therefore, residues that are in contact with many other residues participate in numerous interactions and hence are unlikely to tolerate uncompensated mutations. While this is an interesting hypothesis, many studies suggest that even distant residues may interact strongly through a network of related interactions and/or through electrostatic forces (Cannon et al., 1997; Fisher et al., 1998; Gong et al., 2000; Radkiewicz and Brooks, 2000) . Lichtarge and Sowa proposed an alternative approach in which they identify functional sites by mapping tertiary structures of sequences that form the nodes near the root of the evolutionary tree (Lichtarge and Sowa, 2002) . Spatially clustered residues are assumed to be functionally important since changes in the amino acid composition of these regions are linked with evolutionary divergences and, hence, functional speci®city. Similarly, work by Landgraph et al. identi®ed residues with conserved structural neighbors and residue clusters that have high sequence similarity (Landgraf et al., 2001) . Both studies, however, provide little insight into which residue pairs are interacting. Moreover, many of the variable, functional loop regions may not map on to the corresponding loop of other members of the family on the static molecule, but may have related motion during the catalytic cycle, thereby playing an important role in ligand binding and dissociation.
Studies have shown (Baldwin et al., 1993; Shindyalov et al., 1994) that changes in protein properties are brought about by cumulative effects of many small adjustments, many of which are propagated over signi®cant distances in the three-dimensional structure. Trace evidence of such coordinated mutations brought about by evolution are present in the protein sequence data of the members of a protein family. It has been postulated that a substitution at one position is compensated by a substitution elsewhere in the sequence to ensure that structural features essential for the functioning of the protein are conserved (Lim and Ptitsyn, 1970; Altschuh et al., 1987; Gobel et al., 1994; Shindyalov et al., 1994) . In fact, studies have revealed that residues distant in sequence but near in three-dimensional space undergo simultaneous compensatory variation to conserve their overall physiocochemical properties (Lesk and Chothia, 1980; Oosawa and Simon, 1986; Altschuh et al., 1987; Lim and Sauer, 1989; Bordo and Argos, 1990; Baldwin et al., 1993) . This hypothesis has been used to predict residue contact maps by identifying correlated mutations (Gobel et al., 1994; Neher, 1994; Taylor and Hatrick, 1994) whose signals can be strengthened by comparing neighboring nodes in the phylogenetic tree (Fukami-Kobayashi et al., 2002) . Despite the compelling logic behind this hypothesis, these studies have met with only limited success. The estimated accuracy of statistical contact prediction has at best been only 15±20% (Olmea et al., 1999) .
We hypothesize that strongly correlated residue pairs do not necessarily have to be in contact; rather, they may affect the dynamics of protein function by participating in a network of distal motions involved in catalysis or by participating in important interactions. Generally, the motions of protein regions are associated with ligand binding/dissociation involved in catalysis. Our hypothesis is based on the assumption that uncompensated mutations in these regions will disrupt their motion/interaction and therefore attenuate important chemical steps in catalysis, affecting reaction rates by several orders of magnitude (Miller and Benkovic, 1998; Osborne et al., 2001) . This leads us to postulate that regions that are involved in the dynamics of the reaction or in an uncommonly high number of interactions with other residues are likely to tolerate only coordinated mutations. For example, if a lysine in a loop region is replaced by a glutamine, it may be necessary to substitute a glutamine by a lysine at a position elsewhere so that the net charge remains the same, ensuring that no essential motions are disrupted due to charge repulsion (Figure 1 ). To detect these functionally important regions, we introduce the use of the correlation tendency metric to quantify the average number of other residues to which a particular residue/region is correlated. In this paper we demonstrate that highly mobile regions of the protein exhibit high correlation tendency values. This occurs mainly due to the many additional physical and functional contacts (i.e. through hydrogen bond, van der Waals interactions and long-range electrostatic interactions) that these regions make during their motion associated with catalysis (Miller et al., 2001) .
To test our hypothesis, we performed residue correlation analyses (RCA) on three protein families: (i) dihydrofolate reductase (DHFR), (ii) cyclophilin and (iii) formyl-transferase. These families were chosen based on the differences in the degree of sequence alignment and conservation and availability of structural and functional data. In addition, we used our approach in a predictive fashion to identify important regions of a transmembrane amino acid transporter protein for which there is little structural and functional information available. The Pfam database (Bateman et al., 2002) was accessed to download protein family sequence data. RCA is comprised of two major steps: (i) identifying pairs of positions whose mutations occur in a coordinated manner and (ii) using these results to identify protein regions that interact with an uncommonly high number of other residues.
Residue correlation analysis (RCA)
Protein chemists discovered early on that certain residue substitutions commonly occur in homologous proteins from different species (Dayhoff et al., 1978) . Because the protein retains its functionality after these substitutions, the substituted residues are either compatible with the protein structure and function or else the effects of these substitutions are compensated by some other changes (Lesk and Chothia, 1980; Oosawa and Simon, 1986; Altschuh et al., 1987; Lim and Sauer, 1989; Bordo and Argos, 1990; Baldwin et al., 1993) . Since these substitutions are coordinated, there exists a measurable correlation between these mutation patterns (Gobel et al., 1994; Neher, 1994; Taylor and Hatrick, 1994) . However, measuring amino acid variability requires the use of a metric of similarity that will re¯ect how likely one residue is to be substituted by another. Numerous methods have been suggested such as utilizing physicochemical vectors describing residue physical properties [e.g. side chain volume (Grantham, 1974) , charge (Taylor and Hatrick, 1994) , hydrophobicity (Levitt, 1976) ] and similarity matrices that codify empirical information from phylogenetic trees [such as BLOSUM (Henikoff and Henikoff, 1992) and PAM (Dayhoff et al., 1978) ]. PAM250, BLOSUM62 and McLachlan (McLachlan, 1971) scoring matrices were used in our study to compute the and Ranganathan, 1999) . These probabilities are determined by the distribution of residues in each column of the alignment. Clearly, the sequence alignment obtained by randomly shufing the residues in each column of the original alignment would yield identical results even though the resulting sequences may be signi®cantly different from the parental sequences. Furthermore, since no metric of similarity between residues has been utilized in the above method, less frequent but conservative substitution patterns will not be recognized. In another recent study by Larson et al., correlation signals are identi®ed based on the probability of occurrences of residue pairs rather than by use of scoring matrices (Larson et al., 2000) . Clearly, some conservative substitutions (i.e. substitution of a residue with another that is very similar in physical and chemical properties) cannot be detected by this method. Hence, the use of similarity matrices has the advantage that it can detect conservative substitution patterns more accurately than other methods.
Highly correlated pairs may arise due to: (i) physical contact between them, (ii) distal interaction, (iii) interaction through conformational changes, or (iv) occurrence by chance. In our analysis, predictions made based on RCA are assumed to be correct if the residues of the correlated pair are interacting through conformational changes or through distal interactions. Inter-residue distances are calculated for identifying contacting residues. Various cutoffs have been proposed in the literature to de®ne contacting pairs. Two residues are said to be in contact if the distance between them is below a given arbitrary threshold. These distances could be the distance between the two b-carbons (Cb) (Thomas et al., 1996; Lund et al., 1997; Olmea and Valencia, 1997; Fariselli et al., 2001) or the two acarbons (Ca) (Vendruscolo et al., 1997) of the corresponding residues. The average of the distances between all the atoms of the two residues or the distance between the nearest atoms belonging to the side chain or the backbone of the two residues (Fariselli and Casadio, 1999) have also been used in these de®nitions. Here, we consider a pair of residues to be contacting if the Cb±Cb (or Ca±Ca in the absence of Cb) distance is <8 A Ê .
Residue correlation coef®cients
The family of aligned sequences obtained from the Pfam database is assumed to be a randomly chosen sample of a population of all functional protein sequences. Correlation coef®cients between any two positions ( Figure 2 ) are calculated similarly to the method proposed by Gobel et al. (Gobel et al., 1994) . For a given pair of sequences (k, l), each substitution at a position (i or j) is associated with a similarity score (X ikl and X jkl , respectively) obtained from the McLachlan scoring matrix. The expression used for computing the correlation coef®cient (r ij ) between two sequence positions (i, j) in the alignment is
where s i and s j are the standard deviations of the scores X ikl and X jkl at positions i and j about their means <X i > and <X j >, respectively. The use of weights in computing the correlation coef®cient has been avoided since they not only penalize genuinely correlated signals in a group of similar sequences but often cannot be quanti®ed in a universal fashion. Studies also indicate that sequence weighing is not an important factor in achieving high accuracy in the covariation signal (Larson et al., 2000) . To prevent the correlation coef®cient from being biased by over-represented groups of similar sequences, we eliminate combinations of pairs of sequences that have repeated patterns in the corresponding columns. For example, in computing the correlation coef®cient between two positions i and j of the alignment shown in Figure 2 , the k±m sequence combination is not considered. Note that the denominator of Equation 1 [i.e. N(N ± 1)/2 = the number of combinations of sequences] is adjusted accordingly. Positions that have a high percentage of gaps (>70%) are omitted to avoid misleading results due to the small amount of data available at these alignment positions. Furthermore, the results depend on how well the sequences align and hence a few lengthy (or too short) sequences are deleted from the alignment to avoid introduction of excessive gaps. The remaining sequences are then realigned with CLUSTALW (Higgins and Sharp, 1988; Higgins et al., 1996) using BLOSUM/PAM matrices. Two positions are considered to be correlated if the absolute value of the correlation coef®cient between the two is above a threshold value (r c = 0.4) (Gobel et al., 1994) . The signi®cance of the cutoff value is tested by performing a correlation analysis on a sequence alignment obtained by: (i) randomly shuf¯ing the residues of each row of the alignment (i.e. each sequence still retains the same residues), thereby destroying the existing secondary structure elements, and (ii) randomly shuf¯ing the residues in each column of the alignment. In either case it was observed that no residue pair yielded a correlation coef®cient even close to, let alone above, the threshold value. Residue pairs with correlation coef®cients above the threshold value are identi®ed that are then used in computing the correlation tendencies of protein regions as outlined below. These pairs are also investigated for contacts to estimate the percentage of the correlated pairs that are contacting. Inter-residue distances <8 A Ê are considered to be contacting. For this purpose, the Euclidean distance between Fig. 2 . The scores X ikl and X jkl are obtained from one of the similarity matrices [PAM250, BLOSUM62 or McLachlan (McLachlan, 1971) ] for positions i, j corresponding to the residues at these positions in the sequences k and l. These residues (i, j) are reported to be correlated if correlation coef®cient value (r ij ) is above a threshold value (r c = 0.4). two residues (|r i ± r j |) is calculated from the coordinates obtained from the Protein Databank (PDB) database.
Correlation tendencies
The residue correlation coef®cient (r ij ) is a measure of the relationship between the scores of two sequence alignment positions. However, it is more informative to identify protein regions (i.e. a contiguous string of residues) that show strong correlation with a relatively large number of other residues. Residues adjacent in the sequence are contacting and, therefore, identifying these signals provides no additional information. Thus, the correlation of the position under consideration with the adjacent three residues in the sequence is not taken into account. In general, the correlation signals are fairly noisy and therefore it is dif®cult to glean useful information from them. The noise level in the correlation data is reduced by averaging out these effects over secondary structure elements to calculate the correlation tendencies. The correlation tendency (t m ) of a segment m is de®ned as the ratio (x m ) of the number of correlated pairs with at least one of the residues in region m to the total number of correlated pairs, that is scaled by the ratio of its length l m to the total sequence length L:
Because each residue position of the segment is weighted by its frequency of occurrence in the correlated set (a set including all correlated residue pairs), the correlation tendency re¯ects the frequency of interactions in which these residues are engaged. The protein segments, for the purpose of calculating correlation tendency values, are determined based on the secondary structure. Sequence alignment with no existing secondary structure elements (i.e. alignment obtained by randomly shuf¯ing the columns of the original MSA without disrupting the relative order of the residues in the column) yielded t m values close to 1. Hence, a correlation tendency value >1 is considered to be signi®cant. Regions with t m values >1 are identi®ed and located on the three-dimensional structure of the corresponding protein molecule. These are then investigated for functional roles known from experimental and molecular dynamics studies.
Site entropy
Highly conserved positions do not carry correlation information and are not considered in the correlation analysis, but they do contain useful information with respect to functionality. Hence, in addition to identifying strongly correlated pairs, it is important to measure variability at residue sites to identify conserved regions. A widely used measure of site variability is the site entropy (S i ) that is calculated using the expression
where p a is the probability of occurrence of an amino acid a in the column i of the aligned sequences. The domain entropy, S m , is derived by averaging positional entropy of residues in the domain m. Entropy and correlation capture different statistical properties of family sequence data; therefore, we investigated whether correlation analysis captures information not accessible by simple residue variability measures such as entropy and whether the two can be used in conjunction to predict functional domains better. Prediction of functional sites are made based on RCA (t m > 1) and entropic measures (S m < average sequence entropy). Functional sites have also been identi®ed using contacting residues as a representation of all interacting residues (Voigt et al., 2002) . For this purpose, a similar analysis was performed using contacting residues as was done for correlated residues in calculating correlation tendency. The accuracy of prediction of functional sites by these methods is expressed in terms of sensitivity (the fraction of true functional sites identi®ed by prediction) and speci®city (the fraction of the predicted domains that form the functional sites) that are presented in Table I . These are compared with the speci®city of identifying a functional site by random choice of a protein domain (the ratio of the number of functional domains (included as secondary structure elements) to the total number of secondary structure elements present in the protein sequence) that are also included in the same table. A detailed description of the results for the three protein families is presented next.
Computational results and comparisons
Correlation analyses are performed on the protein families of dihydrofolate reductase (DHFR), cyclophilin and formyltransferase. These families include protein members that have different levels of alignment and conservation. Cyclophilin and DHFR families include sequences that are closely related (maximum average tree distance of 16.54 and 25.8, respectively) and therefore align fairly well, whereas the formyl-transferase family (maximum average tree distance of 30.89) contains distant sequences that do not align well. In addition, unlike the DHFR (average entropy = 2.300) and formyl-transferase (average entropy = 2.563) families, the cyclophilin family is much more conserved (average entropy = 1.908). In comparison with the cyclophilin and formyltransferase families, much more is known about DHFR and its functional domains. Dihydrofolate reductase DHFR is an enzyme that is necessary for maintaining intracellular levels of tetrahydrofolate, an active form of the vitamin folic acid and an essential cofactor in the synthetic pathway of purines, pyrimidines and several amino acids. It catalyzes the reduction of 7,8-dihydrofolate (DHF) to 5,6,7,8-tetrahydrofolate (THF) using nicotinamide adenine dinucleotide phosphate (NADPH) as a cofactor. Xray crystallographic studies indicate that the members of the DHFR family contain an eight-stranded b-sheet and four a-helices interspersed with loop regions that connect these secondary structures (Figure 3d) . Analysis of the DHFR complex with folate has revealed that isolated residues exhibit diverse backbone¯uctuations on the nanosecond to picosecond time-scale. The most signi®cant motions are observed in the M20 loop (residues 7±24), the neighboring FG loop (residues 116±132), the GH loop (residues 142±150) (Miller and Benkovic, 1998; Multiple sequence correlation analysis Radkiewicz and Brooks, 2000; Miller et al., 2001; Agarwal et al., 2002) , the distant CD loop (residues 64±71) and the hinge region connecting the two subdomains (residues 87± 91) (Falzone et al., 1990; Lau and Gerig, 1997; Radkiewicz and Brooks, 2000 ) (see Figure 3c ). Motions detected in the region between residues 40 and 80 are strongly anti-correlated to the¯uctuations in the M20 and FG loops (Radkiewicz and Brooks, 2000) . Fluctuations in these loops play crucial roles in the catalytic pathway; for example, conformational changes in the M20 loop may limit the rate of THF dissociation. Mutational studies reveal that only speci®c residue substitutions are permitted in these loops. The replacement of four M20 loop residues with a glycine results in a 500-fold decrease in the rate of hydride transfer and similar effects are observed for mutations in the FG loop~17 A Ê from the active site (Li et al., 1992; Miller and Benkovic, 1998) . In addition, mutations in the NADPH (residues 42, 60) and DHF/THF (27, 113) binding regions have drastic effects. The RCA analysis of the DHFR family includes 122 sequences accessed from the Pfam database. The scatter plot (Figure 3a) between r ij values and Cb±Cb distances in Angstroms outlines the proximity of the correlated pairs in three-dimensional space. Clearly most of the correlated pairs are not contacting and many of the contacting pairs are not correlated. Of the 105 correlated pairs identi®ed (r c = 0.4), only 9.52% of them are contacting whereas contact by random choice of pairs has a likelihood of 3.4% alone. Figure 3b shows the average correlation coef®cient between the residues of various secondary structure elements. It has been observed that a strong correlation exists between functionally important regions. Particularly the strongest correlation signals (shown in circles in Figure 3b ) are detected between the two hinge regions, the CD loop and the GH loop. Correlation tendency values for different segments (based on secondary structure) were calculated as described earlier. A cutoff value (r c ) of 0.4 resulted in a high speci®city of 90% whereas the corresponding sensitivity is 81.8%. Of the 20 segments into which the DHFR enzyme is divided, 11 are functionally important, resulting in a likelihood of only 55% that a randomly chosen region (secondary structure) is functionally important. Our study shows that t m values are >1 for almost all of the mobile loop regions (except for the FG loop) whereas the converse holds for regions outside these loops (Figure 3c and e) . High positional entropy is observed for two important hinge regions (36±38 and 87±91) and for the CD and GH loops, indicating that these regions are not conserved.
Correlation tendency values, however, show that residue changes at these positions are highly coordinated. The entropy calculations (Figure 3a ) result in a speci®city of 71.4% and a sensitivity of only 45%. Evidently, entropy alone does not capture functionality information clearly discernible with the correlation analysis. Furthermore, most of the t m values in the region between residues 40 and 80 are >1 with an overall average of 1.22. Agreement with these results suggests that the proposed correlation analysis is indeed capturing information related to distal motions during catalysis. Low entropy and high correlation tendency values are observed for residues 91± 96 and 40±60, indicating that these regions are fairly conserved and limited changes at these positions are coordinated (Figure 3c ). Interestingly, even though functional roles of the residues 91±96 are unknown, residues 40±60 (a subset of the region 40±80) have been observed to¯uctuate during catalysis (Radkiewicz and Brooks, 2000) . A comparison of prediction results obtained by RCA, entropy measures, contacting pairs and random choice is summarized in Table I. A number of DHFR studies have delineated the role that speci®c residue pairs play during catalysis (Miller and Benkovic, 1998; Radkiewicz and Brooks, 2000; Osborne et al., 2001; Agarwal et al., 2002) . Table II contrasts these results with a few of the pairs that are identi®ed with the correlation analysis. Remarkably, for most of these pairs we ®nd exceptionally high correlation coef®cients, further strengthening the hypothesis that important information regarding function can be recovered from protein family sequence data through residue correlation analysis. Cyclophilin Cyclophilin is a binding protein for the immunosuppressive drug cyclosporin and also an enzyme with cis±trans isomerase activity. It catalyzes the interconversion between cis and trans conformations of X±Pro peptide bonds, where X could be any amino acid. Studies have indicated that internal protein dynamics are intimately connected with enzyme catalysis that in¯uences the substrate turnover (Eisenmesser et al., 2002) . As in the case of DHFR, rapid¯uctuations are observed in the loop regions of cyclophilin during catalysis. Signi®cant conformational exchange dynamics were observed in the residue regions 54±56 and the loops 65±80 and 101±110 (Eisenmesser et al., 2002) , as shown in Figure 5b . Furthermore, a narrow pass separates the two loops that provide a possible location of the extended substrate binding (Kallen and Walkinshaw, 1992) . Studies indicate that residues L98 and S99, during the catalytic cycle, interact with the trans peptide while the cis isomer binds near residues 55, 82, 101±103 and 109 (Zhao and Ke, 1996; Eisenmesser et al., 2002) .
For the RCA analysis of cyclophilin, 304 sequences were downloaded from the Pfam database. Correlation coef®cients (r ij ) for all pairs are calculated as described earlier and are plotted against Cb±Cb distances as shown in Figure 4 . A cutoff of 0.4 is chosen to identify strongly correlated residues, resulting in the selection of 310 pairs as members of the correlated set of which only 12.16% are contacting. The correlation tendency plot (Figure 5a) indicates that of the three mobile regions mentioned above, two have t m values signi®-cantly >1. This results in a high speci®city of 33% and a sensitivity of 50%, whereas the likelihood of identifying important regions based on random choice is only 17.4%. These predictions are in good agreement (see Figure 5b and c) with the results obtained through NMR relaxation experiments Multiple sequence correlation analysis conducted by Eisenmesser et al. (Eisenmesser et al., 2002) . The motions in the loops are associated with cis isomer binding and therefore also include residues necessary for interacting with the cis isomer. The average entropy of the loop 65±95, where the most prominent motion is observed, is very close to the overall average, clearly indicating that the loop region is not highly conserved. Residues 98 and 99, even though they are functionally important, did not show high t m values. However, these positions are well conserved as low entropy values are observed at these positions (Figure 5a ). In addition, regions 4± 11, 42±45 and 143±146 show coordinated mutations resulting in correlation tendency values >1, suggesting that they may be functionally important and hence require further investigation. Table I summarizes the statistical analyses carried out for the cyclophilin family.
Formyl-transferase
Glycinamide ribonucleotide transformylase (GART) catalyzes the transfer of a formyl group from 10-formyltetrahydrofolate to glycinamide ribonucleotide (GAR), a reaction in the purine biosynthetic pathway. The GART structure can be subdivided into two sub-domains with the N-terminal domain consisting of a central core of smoothly twisted, parallel b-sheet of four strands surrounded on both sides by two pairs of a-helices (Figure 7b ). The C-terminus consists of the remaining six bsheets with a long a-helix (Almassy et al., 1992; Chen et al., 1992) . X-ray structure analysis of a ternary complex with the substrate GAR has con®rmed that the phosphate group of GAR is tightly bound by the loop consisting of residues 10±13 (Almassy et al., 1992; Klein et al., 1995) . The terminal three oxygen atoms of the phosphate interact primarily with the main-chain NH groups of residues 11, 12 and 13, while the fourth phosphate oxygen is within hydrogen-binding distance of the NH of the Gln170 side chain (Almassy et al., 1992; Chen et al., 1992) . The ribose hydroxyl group interacts with residues in the a-helix (162±185), while the rest of the sugar lies in a hydrophobic pocket formed by residues 86, 88, 107, 121, 166 and 171. The key residues in the active site are 103, 106, 108 and 144 and these are highly conserved as re¯ected by their average entropy shown in Figure 7a . Study of a high-resolution structure of GART with a multisubstrate adduct has revealed that residues 112±132, 140±145 and 155±175 are highly mobile (Klein et al., 1995) (see Figure 7b ). Mutations at position 144, a part of the loop with highest mobility and also a part of the active site, resulted in an enzyme that was 10 4 times less active than the wild-type (Inglese et al., 1990) . The folate derivative binds in the hydrophobic pocket formed by the residues 85, 88, 92, 197, 104 and 139 where it forms six hydrogen bonds interacting with residues 90, 92, 140, 141 and 144 (Klein et al., 1995; Morikis et al., 2001) .
The formyl-transferase family includes the following members: (i) GART, (ii) formyltetrahydrofolate deformylase, and (iii) methionyl-tRNA formyl-transferase. In total, 169 sequences were downloaded from the Pfam database, of which seven had large insertions and, hence, were removed. The MSA includes the ®rst 181 residues of the reference sequence (glycinamide ribonucleotide transformylase from Escherichia coli; PDB ID: 1GRC). As observed in the previous two cases, most of the correlated pairs in formyl-transferase are not contacting ( Figure 6) . A cutoff value of 0.4 captures 207 pairs as members of the correlated set that results in a high speci®city of 55.6%. Note that the corresponding speci®city for entropy measures and contacting pairs are only 50 and 37.5%, respectively. Figure 7a clearly shows that all the regions mentioned above, including residues 41±51 and 132±138, exhibit high correlation tendency values, with the only exception being residues 112±132. However, entropy values show that the loop 112±132 includes residues that are highly conserved, but the low correlation tendency indicates that most mutations observed in this region are not coordinated. Residues 132±138, similar to the loop 112±132, are fairly conserved but are also involved in numerous interactions, as suggested by the observed high correlation tendency. Comparisons between prediction results obtained by various methods are shown in Table I . The sensitivity value obtained by domain entropy is 100% compared with 83.3% of that of RCA, while contacting pairs perform poorly with a value of only 50%. Although most of the functionally important regions (especially the residues 8±13, 86±93, 103±108, 139±147 and 162±181) show low entropy, they are also discernible by RCA, further strengthening the point that correlation analysis does identify regions with mutations that are highly coordinated.
Transmembrane amino acid transporter protein
The common element of the three protein families for which we carried out the RCA analyses is that they all have substantial structural and functional information available. Here we consider a protein family for which there are very limited structural and functional data. The transmembrane amino acid transporter protein family (further referred to as the permease family) mainly includes proline and amino acid permeases that are integral membrane proteins involved in the transport of amino acids into the cell. The multiple sequence alignment obtained from the Pfam database consisted of 167 sequences with the reference sequence (in our study) as the amino acid permease [PID: g152 (7493)]. The total length of the sequence is 446 residues; however, the sequence alignment part includes only residues 34±437.
Correlation tendency values are calculated for segments based on predicted secondary structure. The widely used methods for protein structure prediction based on neural network methods [HNN and PROF (Ouali and King, 2000) , accessible at http://www.expasy.ch/] are utilized. The correlation tendency values along with the average entropy for different regions are shown in Figure 8 . A high degree of conservation is observed at positions 51±65, 233±239, 283±291 and 370±381. Residue 64, which is in the conserved region and adjacent to the completely conserved glycine (residue 65), shows a relatively high entropy. Extremely high correlation tendency and correlation coef®cient values corresponding to residue 64 suggests that mutation at this position is largely coordinated with other mutations. Similarly to residue 64, positions 96±98, 114, 154, 194, 195, 225, 226, 247±267 and 304±307 include regions that are strongly correlated to a fairly large number of other residues resulting in high correlation tendency values. Nevertheless, positional entropy values show that these regions are not highly conserved, implying that possible mutations need to be coordinated, thus requiring other adjustments. It has been observed that almost all of the regions with high correlation tendency, as in the other three cases, lie in the predicted loop regions that are likely to be crucial to protein dynamics during catalysis.
Summary and discussion
In this paper, a computational framework for identifying protein regions that are correlated to a large number of other residues is proposed. Residue correlation analyses were performed on three protein families: (i) DHFR, (ii) cyclophilin, and (iii) formyl-transferase. It was shown that residues/regions that have a high correlation tendency are either involved in important interactions or participate in conformational changes necessary for retaining function. RCA and entropy calculations were used to identify the protein building blocks that co-evolve under structural and functional constraints. Predictions of these methods were tested against experimental and molecular dynamics data available in the literature. Table I summarizes prediction results obtained by RCA, entropic measures, contacting pairs and random choice. The DHFR case study demonstrated that entropy alone cannot capture functionality information clearly discernible with RCA. However, in the other two cases, sensitivity values achieved by the entropy measures are 100%. A close examination of these two cases reveals that functionally important regions not found by RCA are those which have relatively low entropy, leading to a weakened correlation signal not detected by RCA. No clear relationship between entropy and correlation tendency was detected. It was observed that many of the conserved functional sites have high correlation tendency values re¯ecting the conservative nature of mutation patterns in these regions. However, we also found a number of regions, particularly the functional loops that are highly variable, with high correlation tendency values. Contacting pairs captured less information about important interactions than the RCA approach and entropic measures for all three protein families. This con®rms that strongly correlated pairs and not contacting pairs are better descriptors for identifying interacting residues. Combined results of the RCA and entropy measures identi®ed all of the functionally important regions (except for the FG loop in the DHFR family) in the three families. Hence, RCA and entropic measures collectively form a better technique to identify functionally important regions.
In the current implementation, the correlation analysis examines the relationship among the leaves of the phylogenetic tree. However, one would expect that correlation signals would be stronger between the nodes of the tree at shorter evolutionary distances and a number of groups have observed this while attempting to detect contacting residues (Shindyalov et al., 1994; Fukami-Kobayashi et al., 2002) . We are currently developing methods for further re®ning the correlation calculations presented here by measuring signals at the tree nodes.
